Knowledge of drug concentration-time profiles at the central nervous system (CNS) target-site is critically important for rational development of CNS targeted drugs. Our aim was to translate a recently published comprehensive CNS physiologically-based pharmacokinetic (PBPK) model from rat to human, and to predict drug concentration-time profiles in multiple CNS compartments on available human data of four drugs (acetaminophen, oxycodone, morphine and phenytoin).
Introduction
Development of drugs for central nervous system (CNS) diseases faces high attrition rates (Arrowsmith and Miller, 2013) . A major factor for this high attrition rate is the lack of adequate information on unbound drug concentration-time profile at the CNS target-sites, which is the driving force for the drug-target interaction and subsequent drug effect .
Several factors govern the distribution of drug molecules into and within the CNS. Physiological CNS compartments include the brain microvascular (brainMV) space, the key drug-target site compartments being the brain extracellular fluid (brain ECF ), the brain intracellular fluid (brain ICF ), and also multiple cerebrospinal fluid (CSF) spaces. CNS drug distribution is governed by several processes including physiological fluid flows, passive and active membrane transport across the blood-brain barrier (BBB) and the blood-CSF barrier (BCSFB), extracellular-intracellular exchange, and pH differences (Westerhout et al., 2011) . Physiological fluid flows include cerebral blood flow (CBF), brain ECF bulk flow, and CSF flow. The interplay between various processes complicates prediction of drug target-site concentrations. In addition, aging and pathophysiological conditions may alter CNS drug distribution. This happens for example via changes in properties of the BBB and BCSFB (e.g. opening of tight junctions, decrease in some tight junction proteins, increase/decrease of the expression level of active transporters), volumes of CNS compartments and CNS fluid flows (Deo et al., 2013; Yamamoto et al., 2017a) , and should therefore be taken into account in CNS pharmacokinetic (PK) predictions.
To investigate CNS drug distribution, ex vivo techniques such as the brain homogenate and the brain slicing technique are currently used. With these techniques, steady state values of the unbound fraction in brain (Kalvass and Maurer, 2002) and the volume of distribution of the unbound drug in brain (Friden et al., 2007) can be determined, from which also intracellular accumulation of the unbound drug can be derived. Unfortunately, these techniques cannot provide information on the unbound drug concentration-time profiles, and potential local concentration differences. Such information is very important for determining the rate and extent of processes in CNS drug distribution and understanding their interrelationships (systems pharmacokinetics). Time course data of unbound drug concentrations can only be obtained by in vivo intracerebral microdialysis (de Lange et al., 1994; Westerhout et al., 2012 Westerhout et al., , 2013 Westerhout et al., , 2014 , as other monitoring techniques like positron emission tomography measure total drug concentrations (Dresel et al., 1998; Mamo et al., 2004; Neuwelt et al., 2008) . However, though minimally invasive, the use of microdialysis in humans is highly restricted. Therefore, approaches that can predict time-dependent and CNS location-dependent unbound drug concentration in human are of great interest.
We recently developed a comprehensive physiologically-based pharmacokinetic (PBPK) rat model to predict unbound drug concentration-time profiles for multiple CNS compartments (Yamamoto et al., 2017b) . This rat PBPK model allows prediction of CNS PK profiles without the need of in vivo PK data. The purpose of the present study was to scale the rat CNS PBPK model to predict drug PK profiles in multiple CNS compartments in human. The human CNS PBPK model was evaluated using available human brain ECF and/or CSF PK data. Since measurement of the drug concentration in human CNS is highly limited due to ethical and practical constraints, PK data from four compounds such as acetaminophen, oxycodone, morphine, and phenytoin in physiological and/or pathophysiological CNS conditions, were used in this analysis.
Materials and methods
The previously developed rat CNS PBPK model (Yamamoto et al., 2017b) , which consisted of a plasma PK and a CNS PBPK component, was scaled to predict human CNS PK by substitution of rat CNS physiological parameter values by the human values (Fig. 1) . Human plasma PK models for the drugs investigated (acetaminophen, oxycodone, morphine, phenytoin) were either obtained from literature or developed using available human plasma data.
All analyses were performed using NONMEM version 7.3 (Beal et al., 2010) . The predictive performance of the developed model was evaluated using available human data on the concentrations of acetaminophen, oxycodone, morphine and phenytoin in brain ECF and/or CSF, obtained under physiological and/or pathophysiological CNS conditions.
Human plasma and CNS data
The details of the clinical PK studies of acetaminophen, oxycodone, morphine and phenytoin, which were used for the evaluation of the human PBPK model predictions, are summarized in Table 1 .
Acetaminophen
Human acetaminophen PK data in plasma and in CSF in the lumbar region (CSF SAS_LUMBAR ) were obtained from healthy subjects (study A1) and from patients with nerve-root compression pain (study A2) (Bannwarth et al., 1992; Singla et al., 2012) . These CNS conditions were considered to be physiological CNS conditions, i.e. without likely effects on CNS PK. In study A3, human CSF samples from the lateral ventricle (CSF LV ) were obtained by extra-ventricular drainage (EVD) (CSF EVD ) from patients with traumatic brain injury (TBI), which was considered as a pathophysiological CNS condition (Yamamoto et al., 2017c) . For all datasets, total plasma concentrations for acetaminophen were converted to unbound plasma concentrations using the free fraction (85%) obtained from literature for healthy subjects (Gazzard et al., 1973) .
Oxycodone
Oxycodone human plasma and CSF SAS_LUMBAR PK data (study O1) were obtained from patients under elective gynecological surgery (Kokki et al., 2014) , where a CNS condition considered to be physiological. Unbound plasma concentrations for oxycodone were extrapolated from the total plasma concentrations using the free fraction (59%) obtained from literature for healthy subjects (Dean, 2004; Kirvela et al., 1996) .
Morphine
Morphine human PK data in plasma and in brain ECF (study M1 and M2) were obtained from bilateral microdialysis measurements from both the injured and uninjured brain sides of TBI patients, thereby providing a comparison of physiological and pathophysiological conditions (Bouw et al., 2001; Ederoth et al., 2003) . For both datasets, the unbound plasma concentrations were reported in these original publications.
Phenytoin
Phenytoin human PK data in plasma and in CSF SAS_LUMBAR (study P1) were obtained from epileptic patients, which were considered a pathophysiological CNS condition (Wilder et al., 1977) . Unbound plasma concentrations for phenytoin were extrapolated from the total plasma concentrations using the free fraction (13%) obtained from literature for healthy subjects (Fraser et al., 1980) , because the protein binding for healthy subject and for epileptic patients is similar (Peterson et al., 1982) .
Human plasma PK models
For acetaminophen (study A3) and morphine (study M1 and M2), we used published human plasma PK models (Yamamoto et al., 2017c) . For acetaminophen (study A1 and A2), oxycodone (study O1) and phenytoin (study P1), plasma PK models were systematically developed with a mixed effects modeling approach using available individual human plasma data (Table 1) , since there is no plasma PK model from literature or the existing plasma PK model did not adequately describe the data (Yamamoto et al., 2017c) . One-, two-and three-compartment models were evaluated for their utility to describe the data. Inter-individual variability was incorporated on each PK parameter, using an exponential model. Proportional and combined additive-proportional residual error models were tested. Model selection was guided by a likelihood ratio test with p < 0.05, the precision of the parameter estimates, assessment of the parameter correlation matrix, and graphical evaluation of the plots for observations versus predictions, weighted residuals versus time, and weighted residuals versus predictions (Nguyen et al., 2016) .
Scaling of the rat CNS PBPK model to humans
The previously developed rat CNS PBPK model (Yamamoto et al., 2017b) (Fig. 1) consists of nine compartments, being plasma, brain microvessels, brain ECF , brain ICF , lysosomes, CSF LV , CSF in the third and fourth ventricle (CSF TFV ), CSF in the cisterna magna (CSF CM ) and CSF SAS_LUMBAR . The model parameters are either system-or drug-specific.
This rat CNS PBPK model was scaled to humans by 1) substitution of the rat system-specific parameters values by their corresponding human equivalents, 2) rat to human conversion of the contribution of active transport at the BBB and the BCSFB based on reported differences in the expression of active transporters, and 3) adding the rate of drug dispersion in the CNS.
System-specific parameters
Literature values were used for the physiological volumes for all CNS compartments, CBF, brain ECF bulk flow, CSF flow, surface area (SA) of the BBB (SA BBB ), SA of the BCSFB (SA BCSFB ), the ratio of SA BBB and SA BCSFB for transcellular and paracellular diffusion, the diameter of brain parenchyma cells, the diameter of lysosomes, the width of the BBB cells from brainMV to brain ECF and the effective pore size (Abbott et al., 2010; Adam and Greenberg, 1978; Begley et al., 2000; Cornford and Hyman, 2005; Dekaban and Sadowsky, 1978; Fagerholm, 2007; Ito et al., 2006; Kimelberg, 2004; Monteiro and Goraksha, 2017; Pardridge, 2011; Rengachary and Ellenbogen, 2005; Robertson, 1949; Sakka et al., 2011; Stange et al., 1997; Thorne et al., 2004; Wong et al., 2013) . The SA BCFSB was divided into SA BCSFB1 which is the SA around CSF LV , and SA BCSFB2 which is SA around CSF TFV , like those in the rat CNS PBPK model (Yamamoto et al., 2017b) . The total volume of lysosomes (V LYSO ) was calculated using the volume ratio of the lysosomes to the brain intracellular fluid of brain parenchyma cells (1:80) which was reported in rats (Loryan et al., 2014) . In human, the volume of brain intracellular fluid (Vbrain ICF ) is 960 mL (Thorne et al., 2004) , therefore V LYSO was calculated to be 12 mL. The SA of total brain parenchymal cell membrane and the SA of total lysosomes were calculated using the diameter of brain parenchyma cells and the volume of brain ICF , and diameter of lysosomes and the total volume of lysosomes, respectively. The values of the system-specific parameters used in the model are summarized in Table 2 .
Drug-specific parameters
The calculation of drug-specific parameters including the aqueous diffusivity coefficient and BBB transmembrane permeability of the compound was performed as described previously (Yamamoto et al., 2017b) and the details for the calculation are described in Supplementary material S1. In short, the aqueous diffusivity coefficient was calculated using the molecular weight of each compound (Avdeef et al., 2004) , and transmembrane permeability was calculated using the log P of each compound (Grumetto et al., 2016) . The influence of the net effect of active transporters on the drug exchange at the BBB and BCSFB was incorporated into the model using three asymmetry factors (AFin1-3 or AFout1-3, which can be calculated from Kp,uu values (unbound brain/CSF-to-plasma concentration ratio), such that they produced the same Kp,uu values within the model). If the net transport is influx of the drug, AFin1-3 were used, while AFout1-3 were fixed to 1. If the net transport is efflux of the drug, AFout1-3 were used, while AFin1-3 were fixed to 1 (Yamamoto et al., 2017b) .
As no direct information is available on the values of AFs for human, we used two different approaches to obtain the values depending on the information available for the active transporters for each compound. We propose a workflow and decision tree to obtain human AF values for the individual compounds, based on availability of literature information ( Fig. 2 ), as follows: 1) A literature search was performed for the main transporters involved in the BBB/BCSFB transport of the compounds in humans. 2) If relevant active transporters were reported, a literature search was performed on species differences in transporter protein expression/ activity of the main active transporters. 3) If information on the inter-species differences was available, rat AF values were converted to human AF values using a conversion factor as calculated from the differences in transporter protein expression and/or activity of the main active transporters between rats and humans (Method 1). 4) If information of the inter-species differences was not available for the compound, we searched information available from other compounds whose transfer are predominantly mediated by the same transporters, and then step 2 was repeated (Method 2). 5) If an active transporter was not reported, we searched for in vitro data able to derive the net contribution of active transport component on the overall permeability. If no indications of active transport could be found, the human AF values were fixed to 1 (Method 3). The details of the calculation methods to obtain human AF values from the in vitro data are described in Supplementary material S3.
Below we describe in detail the rationale for selection of AF values for each compound.
2.3.2.1. Acetaminophen. Acetaminophen is reported to be transported across the human BBB by passive diffusion only, (Mabondzo et al., 2010) , therefore we fixed the AF values for acetaminophen to 1 (Method 3).
2.3.2.2.
Oxycodone. An active influx transporter for oxycodone at the BBB has been reported; pyrilamine-sensitive proton-coupled organic cation (H +/OC) antiporter (Okura et al., 2008; Shimomura et al., 2013) . Even though information on species difference in its protein expression level and its activity is not directly available for oxycodone, the transporter activity can be deduced from the in vitro observations on pyrilamine transfer, of which the exchange at the BBB is predominantly mediated by this transporter (Okura et al., 2008; Shimomura et al., 2013) . Therefore, Method 2 was applied for oxycodone. According to the in vitro studies on pyrilamine in the human BBB model (hCMEC/D3 cells), the Km and Vmax values of active uptake are comparable to those in the rat BBB model (TR-BBB13 cells) (Shimomura et al., 2013) . Moreover, the weaker active uptake of oxycodone comparing to that of pyrilamine in the human BBB model (Shimomura et al., 2013 ) is in line with the observations in the rat BBB model (Okura et al., 2008) . It thus appears reasonable to assume that the BBB influx mediated by this transporter is comparable between rat and human, and therefore the human AFs were considered to be similar to rat AFs. The human AF at the BBB, AFin1, was 2.3, which was calculated using a Kpuu,brain ECF (unbound brain ECF -to-plasma concentration ratio) value of 1.7 (Kitamura et al., 2016) . The human AFs at the BCSFB, AFout2 and AFout3, were assumed to be 1.9 and 2.3, respectively, which were calculated from a Kpuu,CSF (unbound CSF-to-plasma concentration ratio) value of 1 (Kokki et al., 2014) .
2.3.2.3. Morphine. Permeability glycoprotein (P-gp) and multidrug resistance-associated proteins (MRPs) are reported to be the active efflux transporters for morphine at the rat BBB (Letrent et al., 1999; Tunblad et al., 2003) . Furthermore, an involvement of active influx transporters has also been suggested in rat BBB (Groenendaal et al., 2007) . Even though morphine is reported to be a substrate of P-gp (Wandel et al., 2002) for humans, other efflux and influx transporters have not been clearly identified. The P-gp protein concentration in rat brain endothelial cells is about 19 fmol/mg protein, which is about three-fold higher than that in humans (6 fmol/mg protein) (Aday et al., Y. Yamamoto et al. European Journal of Pharmaceutical Sciences 112 (2018) 168-179 2016). Regarding the P-gp activity for morphine, no inter-species difference has been observed (Feng et al., 2008) . Therefore, the ratto-human conversion factor of AFs was set to 3 for morphine. The rat AFout1, AFout2 and AFout3 are 20, 38 and 49, respectively (Yamamoto et al., 2017b) , and therefore in this study human AFout1, AFout2 and AFout3 were assumed to be 6.6, 13 and 16, respectively (Method 1).
2.3.2.4. Phenytoin. P-gp and MRPs are suggested to be the active efflux transporters for phenytoin at the rat BBB (Potschka and Löscher, 2001a; Potschka and Löscher, 2001b) . However, many in vitro studies, including the studies using human hCMEC/D3 cells and other cells expressing human P-gp and human MRPs, have shown that phenytoin is neither a substrate for human P-gp nor human MRP2 (Baltes et al., 2007; Dickens et al., 2013; Luna-Tortós et al., 2010; Zhang et al., 2010) . e Based on the number of brain parenchyma cells which was calculated using the total brain ICF volume and diameter of each brain parenchyma cell (15 μm) (Trapa et al., 2016) . f Based on the lysosome number per cell which was calculated using the total lysosomal volume and diameter of each lysosome (0.5-1.0 μm) (Hardin et al., 2011). Fig. 2 . Decision tree to obtain human AFs.
Y. Yamamoto et al. European Journal of Pharmaceutical Sciences 112 (2018) 168-179 Even though the reasons for these differences between the in vivo rat studies and the in vitro experiments using human P-gp and MRPs are not clear, inter-species differences in the activity by P-gp for phenytoin (Baltes et al., 2007) and MRP2 have been reported (Li et al., 2008) . Therefore, Method 3 was applied to predict AFs for phenytoin. In this study, we assumed that the human AFs for phenytoin are equal to 1.
2.3.3. Use of system-specific and drug-specific parameters in the model Drug transport at the BBB and BCSFB, brain cellular distribution, acidic subcellular distribution and drug binding were derived by using drug-specific parameter values and system-specific parameters. The equations to obtain above parameters have been described previously (Yamamoto et al., 2017b) , therefore the details are provided in Supplementary material S2. In short, drug transport at the BBB and BCSFB were calculated using passive diffusion clearance at the BBB and BCSFB of each compound, SA BBB and SA BCSF and the influence of the net effect of active transporters at the BBB and BCSF. Brain cellular distribution including acidic subcellular distribution was taken into account in the model using passive diffusion clearance at brain cell membrane (BCM) and lysosomal membrane of each compound, SA of BCM and lysosomal membrane, pKa of each compound and pH in each CNS compartment. Finally, drug binding was calculated using log P of each compound and composition of human brain tissue.
Scaling of the dispersion rate
Previously the values of the system-specific drug dispersion rate within the brain and CSF have been estimated based on rat microdialysis data of nine compounds (Yamamoto et al., 2017c) . This dispersion rate is defined as a combination of CSF flow, brain ECF bulk flow and turbulence flow of the drug molecules. For the scaling of the drug dispersion rate to humans we used the following allometric scaling equation. 
where P human is the scaled human parameter, P rat is the estimated rat parameter from the model, BW human is the average human body weight (75 kg), and BW rat is the average rat body weight (250 g).
Evaluation of the human CNS PBPK model
The predictions of the scaled human CNS PBPK model were evaluated by comparing of model predictions to observed human PK data in brain ECF , CSF SAS_LUMBAR and/or CSF EVD (Table 1 ). The accuracy of the prediction was evaluated with symmetric mean absolute percentage error (SMAPE) (Eq. (2)) using population prediction (PRED). We also performed 200 simulations for each compound, then calculated 2.5% tile, median and 97.5% tile of the simulated concentrations and plotted these together with the observations.
where Y OBS,ij is the jth observation of the ith subject, Y PRED,ij is the jth mean prediction of the ith subject, and N is the number of observations.
Simulated impact of different pathophysiological conditions on CNS PK
Under pathophysiological CNS conditions, several CNS system-specific parameter values, such as CBF, BBB characteristics, BCSFB characteristics, brain ECF bulk flow, CSF flow and active transporters, have been reported to be changed (Supplemental Table S1 ). The following data were available from literature: acetaminophen concentrations in CSF EVD and morphine concentrations in brain ECF which were obtained from TBI patients, and phenytoin data in CSF SAS_LUMBAR which were obtained from epileptic patients (Table 1) .
In TBI patients, a decrease in CBF, an increase in paracellular permeability due to the disruption of the tight junction complexes, and changes in activity/expression of active transporters (such as a decreased expression of P-gp) have been reported (Chodobski et al., 2011; Greve and Zink, 2009; Pop et al., 2013) . For epileptic conditions, studies have indicated regional decreases in CBF, increased paracellular permeability due to the opening of the tight junction proteins, and an increase in some active efflux transporters such as P-gp and MRPs (Appel et al., 2012; Bednarczyk and Lukasiuk, 2011; Lazarowski et al., 2007; Löscher and Potschka, 2002) .
To investigate the impact of such pathological changes on PK profiles of each compound, we simulated the PK upon such changes. In the simulations, the system-specific parameter values were varied within a range of 20-500% of their original values (i.e. 5 times lower or higher).
If the changes in the values of the system-specific parameters had a relevant impact on PK profiles, the model predictions were performed again by adapting values of system-specific parameters identified in the literature, and subsequently compared to the observed PK data.
Results

Plasma PK parameter values
The plasma PK parameters used in the analysis for acetaminophen, morphine, oxycodone, and phenytoin are summarized in Supplemental Table S2 (relative standard error < 66%). For acetaminophen (study A3) and morphine (study M1 and M2), the plasma PK parameter values were obtained from literature (Yamamoto et al., 2017c) . For acetaminophen (study A1 and study A2), oxycodone (study O1) and phenytoin (study O1), the descriptive plasma PK model was developed using available plasma data. One-compartment model, two-compartment model and two-compartment model could describe very well the available PK data for acetaminophen, oxycodone and phenytoin respectively (Figs. 3 and 5) .
Prediction of CNS PK in physiological CNS conditions
All CNS PBPK model parameters were either derived from in silico predictions, literature data or based on in vitro information. Systemspecific and drug-specific parameters in physiological CNS conditions are summarized in Tables 2 and 3 , respectively. The parameters derived from human system-specific and drug-specific parameters are summarized in Table 4 . The drug dispersion rate for human was calculated to be 1.6 mL/min based on allometric scaling. The model could adequately predict the PK profiles in brain ECF for morphine and the PK profiles in CSF SAS_LUMBAR for acetaminophen and oxycodone under physiological CNS conditions (Fig. 3) , with an SMAPE of brain ECF and CSF SAS_LUMBAR of 49% and 54%, respectively.
Prediction of CNS PK in TBI and epileptic conditions
To explore the impact of each system-specific parameters, which were altered in pathological CNS conditions of TBI and epilepsy on the PK profiles for acetaminophen, morphine and phenytoin, simulations were performed by changing the values of the CBF, and paracellular diffusion. The influence of the active efflux transporters was also simulated for morphine. The impact on model predictions after changing the values of CBF, paracellular diffusion and the influence of the active efflux transporters within a range of 20-500% of their original values are shown in Fig. 4 . It can be seen that the impact of pathological changes on PK profiles is drug-dependent and CNS compartment-dependent. For acetaminophen, the PK profiles in CSF LV were not sensitive to the changes in CBF nor to the changes in paracellular diffusion across the BBB/BCSFB. In contrast, for morphine brain ECF concentrations increased with an increase in paracellular diffusion, and decreased with an increase in active efflux transport. For phenytoin, no change was observed in PK profiles in CSF SAS_LUMBAR with the changes in CBF and paracellular diffusion.
Since TBI and epilepsy conditions did not influence acetaminophen PK profiles in CSF LV and phenytoin PK profiles in CSF SAS_LUMBAR to a significant extent, the model prediction for these PK data was performed using the physiological values of the system-specific parameters (Fig. 5) . The model predictions captured the acetaminophen PK data in CSF EVD and the phenytoin PK data in CSF SAS_LUMBAR well even if the concentrations are slightly over-predicted around the early sampling time for the acetaminophen PK data in CSF EVD .
On the other hand, we found that the values of paracellular diffusion and the influence of the active efflux transporters needed to be adjusted to capture the morphine concentrations in brain ECF in TBI patients (Fig. 4) . Morphine PK data in brain ECF in TBI patients were captured well when paracellular diffusion was upregulated and active efflux transport was downregulated (Fig. 6 ).
Discussion
We developed a human CNS PBPK model to predict unbound drug PK of four model compounds in multiple CNS compartments. Under physiological CNS conditions, good predictions of observed human data were achieved within a 1.6-fold error. Furthermore, the model showed its ability to be used for building a better understanding of the key system properties that may explain the changes on drug concentrationtime profiles under pathophysiological CNS conditions.
The human CNS PBPK model can be applied to any (existing or new) compounds once the physicochemical properties and information on the involvement of active transporters at the BBB and the BCSFB are available. Such information can be obtained from in silico predictions and/or in vitro studies.
The model uses plasma PK data as input to build a plasma PK model. In our study we either used previously published plasma PK models or we developed the plasma PK model separately on the basis of existing plasma PK data, which described the available human plasma PK data to the best possible extent. It should be noted that even in the absence of a plasma PK model or plasma PK data, the CNS PBPK model can be used in conjunction with plasma PK simulations by using the existing whole-body PBPK platforms. Thus, the human CNS PBPK model does not require any in vivo data to predict unbound drug PK at target-site in the human CNS.
Gathering as much information as possible about unbound drug PK in the CNS is important to improve CNS drug development and CNS drug treatment, because it is the driver for drug-target binding kinetics and therewith for the drug effect profile. In contrast to the ex vivo techniques, such as brain homogenate and brain slicing techniques, as well as in silico approaches like quantitative structure-activity relationship models (Chen et al., 2011; Loryan et al., 2015 ) that can Fig. 3 . Predicted (red lines: median, shaded area is 95 % prediction interval) and observed (circles) concentration-time profiles in CNS compartments under physiological conditions. (A) Plasma and CSF in the lumbar region (CSF SAS_LUMBAR ) data for acetaminophen which were obtained from both healthy subjects and patients with nerveroot compression, (B) plasma and CSF SAS_LUMBAR data for oxycodone which were obtained from patients undergoing elective gynecological surgery and (C) plasma and brain ECF data for morphine which were obtained from the uninjured side of the brain in traumatic brain injury (TBI) patients. The x-axis represents the time in minutes and the y-axis represents the concentration in ng/mL. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) provide information on unbound concentrations in the brain at steady state conditions, the CNS PBPK model predicts the unbound drug concentration time course. This is an important improvement since even during chronic dosing, variations in drug concentrations will still be present and may influence the target occupancy-time profile (de Witte et al., 2016) .
The human CNS PBPK model allows prediction of the unbound drug PK in multiple physiologically relevant CNS compartments. This is crucial as the PK profiles in different CNS compartments are known to be different, even for drugs that are not subjected to active transport (Westerhout et al., 2012) . Moreover, the model could be used to investigate the impact on PK profiles in the different CNS compartments as a result of pathological processes, which have shown to be drugdependent as well as CNS compartment-dependent (Figs. 5 and 6). To our best knowledge, such integration of multiple aspects has not been reported earlier, and it will substantially contribute to an increased insight into CNS PK changes in pathological conditions in relation to the CNS effects.
A key feature of drug transport across the BBB and BCSFB is the contribution of active transporters. In PBPK modeling, expression levels and activity of each active transporter should ideally be separately incorporated. The major transporters such as P-gp and MRP are investigated well with regard to their inter-species differences of expression levels and transporters activity; however, such information is currently lacking for the other transporters (Aday et al., 2016; Ohtsuki et al., 2013) .
Therefore, in our human CNS PBPK model, instead of using information on individual transporters, we used the "net contribution of the active transport" approach. This is a useful approach in situations where active transporters, which have not yet been widely investigated, are involved in the process of drug exchange at the BBB/BCSFB. In this study, we investigated a method to convert the "net contribution of the active transport (AFs)" at the BBB and BCSFB from rat to human, or obtain it from in vitro studies. We propose a workflow and decision tree to derive human "net contribution of the active transport (AFs)" (Fig. 2) .
In the rat PBPK model, we derived the "net contribution of the active transport (AFs)" from Kp,uu values (Yamamoto et al., 2017b) . The translational method of AFs values from rat to human depends on the available information about the transporters involved in the processes. If the existing literature information is not sufficient to support the AFin1-3 and AFout1-3 were converted from the rat AFs or obtained from in vitro study. conversion of the rat AFs to human AFs, we proposed alternative methods to obtain human AFs directly from in vitro study using preferably human brain endothelial cells, such as hCMEC/D3 cells. Thus, either way, theoretically we do not need any in vivo data to obtain human AFs.
We have shown the potential of the model to be adapted according to literature information of pathophysiological changes and to explore the impact of the pathophysiological changes on PK profiles in each CNS compartment. For PK data for acetaminophen in CSF EVD under TBI condition and PK data for phenytoin in CSF SAS_LUMBAR under epileptic conditions, the impact of the conditions did not lead to significant alterations of CNS PK, hence no change to the model was needed to obtain reasonable predictions. For morphine, the simulations showed that the model could describe the drug concentration in brain ECF in TBI patients if the paracellular diffusion at the BBB and BCSFB was increased by > 50% and AFs at the BBB and BCSFB were decreased by > 40%. Our findings align with the reported 40% decrease in expression of P-gp in TBI patients (Pop et al., 2013) . This demonstrates how the model could provide quantitative mechanistic insights of clinically observed alterations in CNS PK which are supported by additional external evidence. In the future, additional human data, for example from the accessible CSF lumbar region, can provide further information to validate the model in other pathophysiological conditions, and can better inform the human CNS PBPK model about what system-specific parameter values has actually changed or how much the system-specific parameter values need to be adjusted.
Due to the lack of information for the drug dispersion rate in the CSF, we used allometric scaling of the drug dispersion rate in rats using body weight to obtain the drug dispersion rate for humans. Since the drug dispersion rate may be different depending on the physiological components such as the length of spine and size of the tube of spine, an allometric scaling can be considered as an appropriate approach to scale the value among species. In this study, the average drug dispersion rate value in rat for the nine compounds was used for the scaling (Yamamoto et al., 2017c) . At least for acetaminophen, oxycodone, morphine and phenytoin, the average drug dispersion rate was sufficient to capture the PK profiles of the compounds in the CNS. However, the drug dispersion rate may depend on not only the physiological components (which have already been taken into account by the allometric scaling), but also on the physicochemical properties such as molecular weight and lipophilicity. Therefore, further investigations are needed to optimize the drug dispersion rate for each compound in human.
The CNS PBPK model was evaluated using the four compounds in this analysis. Due to ethical and practical constraints, it was difficult to obtain PK data in the brain ECF and CSF from many compounds. Even though the four compounds have distinctive physicochemical properties, further analysis using a larger dataset is expected to consolidate the CNS PBPK model predictive performance. Furthermore, differences in drug PK profiles between brain regions (such as striatum, cerebellum and hippocampus, etc.) have recently been reported due to the differences in the level of transporter-mediated transport and receptor density (de Witte et al., 2016; Loryan et al., 2016) . Inclusion of regional brain physiological parameter values is one of the next steps in the CNS PBPK model development. 
Conclusions
A human CNS PBPK model was developed to predict the concentration-time profiles of four model compounds in human CNS compartments. All model parameters were either derived from in silico predictions, literature data or based on in vitro information. Therefore, the model can provide the concentration-time profiles in multiple physiologically relevant compartments in human CNS without the need of in vivo PK data. We demonstrated that the model could predict the brain ECF and CSF SAS_LUMBAR concentrations-time profiles under physiological CNS conditions. We also showed how the model can provide quantitative understanding of the impact of pathophysiological conditions on PK profiles in each CNS location. This human CNS PBPK model provides the basis to link CNS PK with drug-target binding kinetics and the biological effect(s) of the drug. As such, the developed model will have a substantial role in the selection of CNS drug candidates, in the prediction of target-site concentrations in humans, and to support the assessment of drug efficacy and safety in the early stage of the drug development.
